Abstract. In this paper an intelligent approach is introduced to study switching overvoltages during transmission lines energization. In most countries, the main step in the process of power system restoration, following a complete/partial blackout, is energization of primary restorative transmission lines. An artificial neural network (ANN) has been used to evaluate the overvoltages due to transmission lines energization. Three learning algorithms, delta-bar-delta (DBD), extended delta-bar-delta (EDBD) and directed random search (DRS), were used to train the ANNs. Proposed ANN is trained with equivalent circuit parameters of the network as input parameters; therefore developed ANNs have proper generalization capability. The simulated results for 39-bus New England test system, show that the proposed technique can estimate the peak values and duration of switching overvoltages with acceptable accuracy and EDBD algorithm presents best performance.
Introduction
Switching overvoltage is a primary importance in insulation co-ordination for extra high voltage (EHV) lines. The objective of simulating switching overvoltage is to help for a proper insulation co-ordination and would lead to minimize damage and interruption to service as a consequence of steady state, dynamic and transient overvoltage [1] [2] [3] [4] [5] .
The magnitude and shape of the switching overvoltages vary with the system parameters and network configuration. Even with the same system parameters and network configuration, the switching overvoltages are highly dependent on the characteristics of the circuit breaker operation and the point-onwave where the switching operation takes place [6] [7] [8] [9] .
In this paper power system blockset (PSB), a MATLAB/Simulink-based simulation tool [10] [11] is used for computation of overvoltages. This paper presents the artificial neural network (ANN) application for estimation of peak and duration overvoltages under switching transients during transmission lines energization. A tool such as proposed in this paper that can give the maximum switching overvoltage and its duration will be helpful to the operator. It can be used as training tool for the operators. The proposed ANN is expected to learn many scenarios of operation to give the maximum peak overvoltage and it's duration in a shortest computational time which is the requirement during online operation of power systems.
In this paper we have considered the most important aspects, which influence the transient overvoltages such as voltage at sending end of transmission line before switching, equivalent resistance, equivalent inductance, equivalent capacitance, switching angle, line length, line capacitance, and shunt reactor capacity. This information will help the operator to select the proper sequence of transmission lines to be energized safely with transients appearing safe within the limits. Since ANN is trained with equivalent circuit parameters, thus it's applicable to every studied system. In fact, proposed ANN is trained just once with a simple circuit that includes equivalent circuit parameters. Therefore, developed ANN can estimate overvoltage peak and duration for every studied system. Results of the studies are presented for 39-bus New England test system to illustrate the proposed approach.
Study System Modeling
In this paper the simulations are carried out employing PSB [10] . The simulation tool has been developed using state variable approach and runs in the MATLAB/Simulink environment. This program has been compared with other popular simulation packages (EMTP and Pspice) in [11] . The user friendly graphical interfaces of PSB enable faster development for power system transient analysis. Transmission lines are described by the distributed line model. This model is accurate enough for frequency dependent parameters, because the positive sequence resistance and inductance are fairly constant up to approximately 1 KHz [12] which cover the frequency range of harmonic overvoltages phenomena. In [13] generators have been modelled by generalized Park's model that both electrical and mechanical part are thoroughly modelled, but it has been shown that a simple static generator model containing an ideal voltage source behind the subtransient inductance in series with the armature winding resistance can be as accurate as the Park model. Thus in this work, generators are represented by the static generator model. Phases of voltage sources are determined by the load flow results. All of the loads and shunt devices, such as capacitors and reactors, are modelled as constant impedances.
Switching Overvoltages during Restoration
One of the major concerns in power system restoration is the occurrence of overvoltages as a result of switching procedures. These can be classified as transient overvoltages, sustained overvoltages, harmonic resonance overvoltages, and overvoltages resulting from ferro-resonance. Steady-state overvoltages occur at the receiving end of lightly loaded transmission lines as a consequence of line-charging currents (reactive power balance). Excessive sustained overvoltages may lead to damage of transformers and other power system equipment. Transient overvoltages are a consequence of switching operations on long transmission lines, or the switching of capacitive devices, and may result in arrester failures. Ferro-resonance is a nonharmonic resonance characterized by overvoltages whose waveforms are highly distorted and can cause catastrophic equipment damages [14] [15] . The sample system considered for explanation of the proposed methodology is a 400 kV EHV network shown in Fig. 1 . In the system studies 400 kV line-to-line is considered as a base voltage and 100 MVA is adopted as a base power. Fig. 2 shows the harmonic overvoltages at bus 3 when transmission line is energized.
In practical system a number of factors affect the overvoltages factors due to energization or reclosing. In this paper following parameters is considered as ANN inputs:
 Voltage at sending end of transmission line before switching  Equivalent resistance of the network  Equivalent inductance of the network  Equivalent capacitance of the network  Closing time of the circuit breaker poles  Line length  Line capacitance  Shunt reactor capacity As discussed above for an existing system the main factors which affect the peak and duration values of switching overvoltage are voltage at sending end of transmission line before switching, equivalent resistance, equivalent inductance, equivalent capacitance, switching angle, line length, line capacitance, and shunt reactor capacity. Here it should be mentioned that a single parameter often cannot be regarded independently from the other important influencing factors. The magnitude and duration of the overvoltages normally does not depend directly on any single isolated parameter and a variation of one parameter can often alter the influence of another parameter, in other words there exists an interaction between the various system and breaker parameters. This forbids the derivation of precise generalized rule of simple formulae applicable to all cases [16] . So an ANN can help to estimate the peak and duration values of switching overvoltages generated during transmission line energization. An ANN is programmed by presenting it with training set of input/output patterns from which it then learns the relationship between the inputs and outputs. In next section an ANN-based approach is described which can give an acceptable solution of switching transients by the help of which an operator can take a quick decision at the time of operation. 
The Artificial Neural Network
The basic structure of the Artificial Neural Network (ANN) is shown in Fig. 7 . The ANN consists of three layers namely, the inputs layer, the hidden layer, and the output layer. Training a network consists of adjusting weights of the network using a different learning algorithm [17, 18] . In this work, ANNs are trained with the two supervised and one reinforcement learning algorithms. In this paper, the delta-bardelta (DBD), the extended delta-bar-delta (EDBD) and the directed random search (DRS) were used to train the multi-layer perceptron (MLP) neural network [19] . To improve the performance of ANNs, tangent hyperbolic activation function was used. A learning algorithm gives the change Δwji(k) in the weight of a connection between neurons i and j. Relative error is calculated by the difference of PSB output and ANN output:
and absolute error is calculated as:
In the next section, these learning algorithms have been explained briefly. 
Delta-Bar-Delta Algorithm
The DBD algorithm is a heuristic approach to improve the convergence speed of the weights in ANNs [20] . The weights are updated by
where () k  is the learning coefficient and assigned to each connection, () k  is the gradient component of the weight change. () k  is employed to implement the heuristic for incrementing and decrementing the learning coefficients for each connection. The weighted average
where θ is the convex weighting factor. The learning coefficient change is given as
where  is the constant learning coefficient increment factor, and  is the constant learning coefficient decrement factor.
Extended Delta-Bar-Delta Algorithm
The EDBD algorithm is an extension of the DBD and based on decreasing the training time for ANNs [21] . In this algorithm, the changes in weights are calculated from:
and the weights are then found as
In Eq. (6), () k  and () k  are the learning and momentum coefficients, respectively. The learning coefficient change is given as
where   is the constant learning coefficient scale factor, exp is the exponential function,   is the constant learning coefficient decrement factor, and   is the constant learning coefficient exponential factor. The momentum coefficient change is also written as
where   is the constant momentum coefficient scale factor,   is the constant momentum coefficient decrement factor, and   is the constant momentum coefficient exponential factor. In order to take a step further to prevent wild jumps and oscillations in the weight space, ceilings are placed on the individual connection learning and momentum coefficients [21] .
Directed Random Search Algorithm
The directed random search is a reinforcement learning approach and used to calculate the weights of ANNs. This algorithm also tries to minimize the overall error [22] . Random steps are taken in the weights and a directed component is added to the random step to enable an impetus to pursue previously search directions. The DRS is based on four procedures as random step, reversal step, directed procedure and selftuning variance. In the random step, a random value is added to each weight of network and the error is then evaluated for all training sets as
where best w is the best weight vector previous to iteration k and () dw k is the delta weight vector at iteration k. Depending on the error evaluation, the weights are replaced with the new weights. If there is no improvement at the error in the random step, some random value is subtracted from the weight value during the reversal step, that is
In [22] , a directed procedure has been added to the random step to further improve with reversals. The new weights are obtained from:
w k w dw k dp k
where ) (k dp is the directed procedure and based on the history of success or failure of the random steps. As mentioned before, the following parameters are used as ANN inputs: To train ANNs, all experiments have been repeated for different system parameters. After learning, all parameters of the trained networks have been frozen and then used in the retrieval mode for testing the capabilities of the system on the data not used in learning. The testing data samples have been generated through the PSB program by placing the parameter values not used in learning, by applying different parameters. A large number of testing data have been used to check the proposed solution in the most objective way at practically all possible parameters variation.
In this study, a number of tests were performed varying with the one or two hidden layers as well as varying the number of neurons in each hidden layer for every algorithm. Specification of developed ANNs is presented in Table 1 . These values (number of hidden layers and units) are optimum case for every algorithm from both the accuracy and training speed point of view and present best evaluation of transmission line overvoltages. 
Case Study
In this section, the proposed algorithm is demonstrated for two case studies that are a portion of 39-bus New England test system, of which its parameters are listed in [23] .
In the proposed method, first, studied system must be converted to equivalent circuit of Fig. 1, i. e., values of voltage at sending end of transmission line before switching, equivalent resistance, equivalent inductance, and equivalent capacitance are calculated by using equivalent circuit theory. These values are used in trained artificial neural network to estimate overvoltages peak and duration. Fig. 8 shows a one-line diagram of a portion of 39-bus New England test system which is in restorative state. In the next step of the restoration, line 5_6 must be energized. First, equivalent circuit of this system, seen behind bus 5, is determined and values of voltage at sending end of transmission line before switching, equivalent resistance, equivalent inductance, and equivalent capacitance are calculated. In other words, this system is converted to equivalent system of Fig. 1 . Values of equivalent resistance, equivalent inductance and equivalent capacitance are 0.006408 p.u., 0.02375, and 1.4516 p.u., respectively. For testing trained ANN, values of voltage at sending bus of transmission line before switching, switching angle, line length, and shunt reactor capacity are varied and in each state, overvoltage peak values are calculated from trained ANN and actual system (no equivalent). Table 2 contains the some sample result of test data of case 1.
Case 1

Case 2
As another example, the system in Fig. 9 is examined that is another portion of 39-bus New England test system. In the next step of the restoration, line 26_29 must be restarted. As mentioned before, first this system is converted to equivalent circuit of Fig. 3 . In other words, equivalent circuit parameters seen from bus 26 are calculated. In this case, Values of equivalent resistance, equivalent inductance and equivalent capacitance are 0.00792 p.u., 0.0247, and 1.1594 p.u., respectively. For testing developed ANN, various cases of transmission line energization are taken into account and corresponding peak and duration overvoltages are computed from PSB program and trained ANN. Summary of few result are presented in Table 3 . It can be seen from the results that the developed ANNs are able to estimate overvoltage peak and duration with good accuracy. Fig. 8 . Studied system for case 1. 
Discussion
As seen in Tables 2 and 3 , all trained ANNs based on DBD, EDBD, and DRS algorithms can estimate overvoltages peak and duration with proper accuracy. Also, the author in [24] evaluated "single-phase" transmission lines overvoltages using radial basis function (RBF) neural network. Because of "three-phase" transmission lines are considered in this paper, evaluation of "three-phase" transmission lines using RBF neural network is presented in Table 4 for comparison with developed ANNs. Optimum structure of RBF for this study involves two hidden layers and 10 hidden units in each hidden layer. Table 5 presents a comparison between DBD, EDBD, DRS algorithms and RBF structure based on average of relative and absolute errors. Based on Table 5 , it can be concluded that EDBD algorithm has better performance (smaller relative and absolute errors in both case studies) and is proper for evaluating of transmission line overvoltages in power system studies.
Conclusion
This paper presents an ANN-based method to evaluate transmission lines switching overvoltages during power system restoration. The delta-bar-delta, extended delta-bar-delta and directed random search has been adopted to train ANN. Since equivalent circuit parameters of the network are employed as ANN inputs, developed ANNs are applicable for every studied system. Best performance has been achieved by extended delta-bar-delta algorithm. The results from this scheme are close to results from the conventional method and helpful in predicting the overvoltage of the other case studies within the range of training set. Therefore, the ANN application is recommended as an operator-training tool for estimation of temporary overvoltages during power system restoration. 
